The Current Population Survey Annual Social and Economic Supplement (CPS ASEC) serves as the data source for official income, poverty, and inequality statistics in the United States. In 2014, the CPS ASEC questionnaire was redesigned to improve data quality and to reduce misreporting, item nonresponse, and errors resulting from respondent fatigue. The sample was split into two groups, with nearly 70% receiving the traditional instrument and 30% receiving the redesigned instrument. Due to the relatively small redesign sample, analyses of changes in income and poverty between this and future years may lack sufficient power, especially for subgroups. The traditional sample is treated as if the responses were missing for income sources targeted by the redesign, and multiple imputation is used to generate plausible responses. A flexible imputation technique is used to place individuals into strata along two dimensions: 1) their probability of income recipiency and 2) their expected income conditional on recipiency for each income source. By matching on these two dimensions, this approach combines the ideas of propensity score matching and predictive means matching. In this article, this approach is implemented, the matching models are evaluated using diagnostics, and the results are analyzed.
Introduction
The Current Population Survey Annual Social and Economic Supplement (CPS ASEC) is among the most widely used surveys conducted by the U.S. Census Bureau. CPS ASEC data are used to calculate measurements of national income and the official poverty rate. Rothbaum (2015) shows that the CPS ASEC suffers from underreporting of certain income types, including property income (especially interest and dividends), retirement income, and income from means-tested government transfer programs. Meyer et al. (2009) also show underreporting of participation in means-tested government programs.
To address this underreporting, the U.S. Census Bureau, in consultation with the private sector, implemented a redesign of the survey (see Czajka and Denmead (2008) and Hicks and Kerwin (2011) for results of that consultation). In 2014, approximately 30% of the CPS ASEC sample received the redesigned survey instrument, and approximately 70% received the unchanged traditional instrument (in use since 1994). Assignment into the two groups was random at the household level. For more details about the redesign and the content tests, see Welniak (2013, 2015) .
A major focus of the redesign was to improve reporting of property income, especially income earned from assets in the form of interest or dividends. In addition, since 1980, the nature of retirement savings has shifted from defined benefit to defined contribution plans. From 1980 to 2008, the share of private wage and salary workers with defined benefit plans fell from 38% to 20%. The share of private workers with defined contribution plans grew from eight percent to 31% over the same period (Butrica et al. 2009 ). Therefore, the survey was redesigned to improve reporting of retirement income, which has also historically been underreported (Czajka and Denmead 2008) .
The redesigned instrument is being used for the full sample, starting with the 2015 CPS ASEC. However, in order to make apples-to-apples comparisons between the results in 2014 and 2015 and beyond, only 30% of the 2014 sample can be used. This significantly reduces the power of the comparisons that can be made, for example of median income or poverty rates, and is especially relevant for subgroups.
While the survey redesign significantly increased recipiency and aggregates for many income types, the majority of income (by US dollars) was not affected. For example, earnings comprised 75.9% of all income in the redesign sample, and there were no statistically significant differences in the number of earners or mean earnings across the two instruments. Although we do not observe what respondents to the traditional instrument would have said to the redesigned questions, we do have a considerable amount of information about them that is unaffected by the redesign.
This suggests treating the problem as one of missing data -as if the recipients of the traditional instrument did not respond to the redesigned income questions. The "missing" responses to the redesigned questions are multiply imputed for individuals in the traditional sample. This article adds to the literature using multiple imputation to bridge a survey or data classification change. Clogg et al. (1991) used multiple imputation to impute industry and occupation codes across a change in the coding scheme between 1970 and 1980 census data. Schenker and Parker (2003) imputed single-race reporting for multiple-race respondents after a change from single-to multi-race reporting in government survey data.
An approach developed by Bondarenko and Raghunathan (2007) is applied to impute these missing responses in the traditional sample. This approach combines the ideas of propensity score matching and predictive means matching. By matching donors to recipients within propensity score/predictive mean cells, this approach is similar to the hot deck procedure used in normal CPS ASEC processing. That makes it appealing for use in this case, as the completed data from the 2014 CPS ASEC can be used to make comparisons with data in subsequent years where all imputation of missing values is done using the hot deck.
The Bondarenko and Raghunathan technique is used to create an "Income-Consistent" full file that uses all of the CPS ASEC sample with imputed income in the affected categories for respondents to the traditional instrument. It is called the Income-Consistent file, as the responses for all individuals are consistent with the questions in the redesign survey instrument.
The article is organized as follows. In Section 2, the CPS ASEC and the survey redesign are described. Section 3 discusses the imputation methodology. Section 4 discusses diagnostic results to evaluate the models used. Section 5 contains results relating to income and poverty, measurement using the imputed data. Section 6 contains a conclusion.
Data and Survey Redesign
The CPS ASEC is among the most widely used surveys conducted by the U.S. Census Bureau. The CPS ASEC uses a stratified random sample to survey about 100,000 households each year and includes questions on income and health insurance coverage.
The 2014 survey redesign included a number of changes. First, the survey was redesigned to specifically ask if anyone in the household has a pension, and separately if anyone has a retirement account (401(k), 403(b), IRA, or other account designed specifically for retirement savings). The traditional instrument includes one broad question on the receipt of pension and retirement income. The redesigned instrument also asks individuals over 70 years old about required distributions from retirement accounts. To ensure that the distribution is correctly identified as income, a follow-up question asks if the required distribution was "rolled over" or reinvested in another account. The traditional ASEC instrument makes no distinction between investment income received in retirement accounts or separately from them. This more detailed set of questions can improve misreporting of income and cue respondents to decrease underreporting.
Several additional changes were also made to the survey. Prior to the redesign, only households that reported less than USD 75,000 in combined family income were asked questions about means-tested transfer programs such as Temporary Assistance to Needy Families (TANF). Semega and Welniak (2015) cite evidence from the American Community Survey (ACS) that some screened households were likely to be recipients of these transfers making it inappropriate to remove them using the income screener. To prevent respondent fatigue from affecting answers to the income recipiency questions, the recipiency questions were separated from the amount questions as part of a "dual-pass" approach. Respondents were asked first about all sources of income received and then later were asked about amounts for only the received sources. In addition, the order of the income questions was changed based on respondent characteristics to match those sources most likely to be received. If a respondent was unsure of the income generated from assets, the value of the assets was collected. The questions on disability were clarified to eliminate confusion between disability income from Social Security and Supplemental Security Income (SSI).
Results of the Redesign
In 2014, the CPS ASEC sample was randomly divided into two groups at the household level, with 31% (30,000 housing units) receiving the redesigned instrument and about 69% (68,000 housing units) receiving the traditional instrument. Within each sample, individual observations were weighted to national population controls, as is standard with the CPS ASEC. Both surveys were conducted primarily by home visit (with some by phone) by trained field representatives. Even the interviewer was not aware of the selection of a given household into the traditional or redesign sample until they began the survey. Semega and Welniak (2015) compared income aggregates between the two samples. Table 1 shows a subset of their results for median income, updated to reflect recent edits of the redesign sample file. Household median income was USD 51,939 in the traditional sample and USD 53,585 in the redesign, a difference of 3.2%. When decomposed by race, the only statistically significant differences are for whites (and non-Hispanic whites). Table 2 shows income statistics for total income and various income sources collected in the CPS ASEC. For each source, Semega and Welniak report the number of recipients in the population, the mean income earned by those recipients, and the aggregate value of that income estimated, using the traditional and redesign samples separately. For example, for total income, the number of income recipients estimated using the traditional sample is 218.7 million compared with 222.0 from the redesigned sample, a statistically significant difference of 1.5%. The estimated difference in mean total income is 2.6% (USD 41,319 in the traditional vs. USD 42,394 in the redesign), and the estimated difference in aggregate total income is 4.2% (USD 9.04 trillion in the traditional compared with USD 9.41 trillion in the redesign), both statistically significant. At the 90% confidence level, there are a number of income sources that have statistically significant differences in the number of recipients, mean income, or aggregate income. The sources with statistically significant differences in aggregate income include farm self-employment income (2 42.1%), public assistance (28.8%), veterans' benefits (2 23.1%), disability benefits (36.4%), retirement income (21.9%), interest (113.0%), and dividends (2 20.1%). Mitchell and Renwick (2015) study the effects of the redesign on poverty rates. While they find no statistically significant difference in the overall poverty rate, they do find differences for child and elderly poverty in the redesigned sample. In both cases, they suggest that differences in the sample populations may explain the increase in poverty in the redesigned sample. For child poverty, they show that the redesigned sample has a higher share of children living with female householders than the traditional sample (single-mother families). They also find that means-tested program recipiency was higher in the redesigned sample.
These potential differences in sample characteristics support the approach taken in this article. Because the changes in the questionnaire are treated as a problem of missing information, any differences in the samples can be controlled for as a part of the imputation modeling, and the combined sample should better reflect the intended full CPS ASEC sample.
Selection of Income Sources to be Imputed
Taking these analyses together, the redesign increased aggregate income, increased income recipiency and reporting in a number of income categories. However, some of the differences, especially in income types with no or little change in the questionnaire, may be due to random variation or differences in the samples. This is supported by differences in poverty that Mitchell and Renwick attribute to sample differences.
Because of this evidence of sample differences, the analysis focuses on those income types which were targeted by the questionnaire redesign. This eliminates farm selfemployment, and veterans' benefits.
The income types that are sufficiently different between the two surveys and were specifically targeted by the questionnaire redesign include: 1) retirement income, is a measure of an estimate's variability. The larger the CI is in relation to the size of the estimate, the less reliable the estimate. CIs shown in this table are based on standard errors calculated using replicate weights. For more information, see "Standard Errors and Their Use" at ,www.census.gov/hhes/www/p60_245sa.pdf..
1
Federal surveys now give respondents the option of reporting more than one race. Therefore, two basic ways of defining a race group are possible. A group such as Asian may be defined as those who reported Asian and no other race (the race-alone or single-race concept) or as those who reported Asian regardless of whether they also reported another race (the race-alone-or-in-combination concept). This table shows data using the first approach (race alone). The use of the single-race population does not imply that it is the preferred method of presenting or analyzing data. The U.S. Census Bureau uses a variety of approaches. Information on people who reported more than one race, such as White and American Indian and Alaska Native or Asian and Black or African American, is available from Census 2010 through American FactFinder. About 2.9 percent of people reported more than one race in Census 2010. Data for American Indians and Alaska Natives, Native Hawaiians and Other Pacific Islanders, and those reporting two or more races are not shown separately in this 2) interest, and 3) dividends. These three sources had the largest difference in estimated aggregate income of the types affected by the redesign. Fig. 1 shows changes in aggregate income for all income sources with a statistically significant difference in aggregate income between the traditional and redesign samples. For interest income, the number of recipients increased by 37.6 million and aggregate income increased by USD 206.3 billion. For retirement income, the number of recipients increased by 1.8 million and aggregate income increased by USD 82.7 billion. For dividend income, the number of recipients decreased by 1.4 million and aggregate income decreased by USD 29.6 billion.
Imputation Methodology

Hot Deck Imputation
As a part of the standard processing of the CPS ASEC, when an individual does not respond to a particular question, missing values are imputed using a hot deck procedure. In the hot deck, individuals are divided into cells based on the characteristics specified in the hot deck model. Within each cell, individuals without missing information (donors) are randomly selected and their income is assigned to the individuals with missing information (recipients). Donors and recipients in each cell must match on every variable in the hot deck model. If there are no donors in a given recipient's cell, the hot deck model is amended to reduce the number of categories for some variables (for example from nine age groupings to six) and to reduce the number of variables in the model. The different hot deck models used in the CPS ASEC are called match levels. The first match level includes the largest number of variables and categories within each variable. If no matches are found at the first level, an attempt to match recipients and donors is made using the model at the second match level. This continues until a match level is reached for a given recipient in which at least one donor is present in the same cell. As these numbers make clear, the number of variables that can be included in a hot deck model is limited by the size of the sample. While this is clearly a constraint even in the full CPS ASEC sample of about 200,000 individuals, the constraint is even more binding when imputing income from the redesign sample of about 60,000 individuals. If retirement, interest, and dividend income in the traditional sample were imputed using the hot deck model, it would not be possible to incorporate many variables in the model that are potentially correlated with each income type. This would limit the ability of the imputation to accurately match similar individuals as donors and recipients and reduce the quality of the matches.
Model-Based Matching Imputation
Instead, a more flexible technique is implemented to impute the missing responses to the redesigned questions in the traditional sample for the research file. The approach, developed by Bondarenko and Raghunathan (2007) , hereafter BR, matches donors and recipients using summaries of covariates estimated by logistic and ordinary least squares regression modelling.
The primary reason the BR approach was chosen in this research is its similarity to the hot deck model. As in the hot deck model, individuals are matched based on similarities in observable characteristics. In the hot deck model, matching is directly based on the characteristics. In the BR approach, the matching is based on the predicted probability of recipiency and expected income conditional on recipiency, both of which can be estimated from observable characteristics. This is advantageous, as the imputed data must be comparable to data from subsequent years where all missing data are imputed using the hot deck model. However, by efficiently summarizing the model covariates in two statistics, recipiency and expected income, the BR approach allows for the inclusion of many more variables in the imputation model.
Next, the BR method is described, with slight modification for this application. Suppose that the dataset has P variables of observable characteristics, X p , p ¼ 1, 2, : : : , P and X ¼ (X 1 , : : : , X P ) and Q income types where Y q , q ¼ 1, 2, : : : ,Q, represents the income value and R q represents recipiency status (R q [ {0; 1}). There are two groups in the sample, one for which the income types q are observed (group O) and one for which income types q are unobserved (group M) so that each vector can be partitioned among O À Á and Y ,1 and R ,1 are empty sets. Two efficient summaries are constructed of the income variables through two regression predictions:
1. Probability of recipiency:R q ¼ Pr R q ¼ 1jY ,q ; R ,q ; X À Á estimated using a logistic regression model. This is an efficient summary of R q that can be used to balance income recipients and nonrecipients. 2.R q is stratified into K equal size strata, where k ¼ 1, : : : , K. 3. Predicted value of income conditional on recipiency within each stratum k:Ŷ q ¼ E Y q jR q ¼ 1; Y ,q ; R ,q ; X À Á is estimated using an OLS regression model on all individuals in stratum k. Then, individuals are subdivided in stratum k into J equal sized substrata, where j ¼ 1; : : : ; J. This creates K £ J equal size strata.
Within each stratum k, j there are n individuals with observed income and recipiency, and m individuals with missing income and recipiency for income type q. A sample size m is drawn from the observed set of n individuals as the imputed values by Approximate Bayesian Bootstrap (ABB). This step is repeated for each stratum k, j and income type q and then sequentially for all q ¼ 1, : : : , Q. This entire process is repeated independently to obtain multiple imputations.
This approach relies on the same assumption that underlies matching models (see, for example, Rosenbaum and Rubin 1983) . The traditional sample is M in this exercise, as the responses to the redesigned questions are missing for all individuals in the traditional sample. The redesign sample is O as the responses are observed. For this approach to be valid, it must be assumed that inclusion in the traditional sample can be controlled for by the variables in the imputation model (unconfoundedness). Specifically, given the probability of missingness P(M), it is assumed that P MjX; Y M q ; Y O q ¼ PðMjXÞ where X can be summarized byR q andŶ q . Although the random selection into the redesign sample implies missingness should be completely at random (MCAR), Mitchell and Renwick (2015) suggest that sample differences do exist on observable characteristics. Therefore, it is conservatively only assumed that the responses are missing at random (MAR).
There are a number of challenges to implementing BR method in the CPS ASEC. First, many income types do not follow a normal distribution or any simple transformation of a normal distribution. Because the missing income sources are modeled with continuous covariates, some distributional assumptions must be made about the relationships between them. Second, predictors (X) must be selected for the modelling of each income variable from a very large set of possible covariates (. 1,200) in the CPS ASEC.
As shown in Hokayem et al. (2015) , the distribution of income is rarely normally distributed. Simple transformation (such as log) and more flexible ones such as Tukey's gh distribution (He and Raghunathan 2006 ) also can fail to convert the distribution to normal. Therefore, an empirical normal transformation proposed by Woodcock and Benedetto (2009) is used to convert all income values to normal distributions (this includes income and other continuous variables in X as well) prior to imputation.
The most significant challenge to applying the BR method to the CPS ASEC was to select the models for each imputed variable. In order to avoid omitted variable bias in the imputation model, as many potential predictors as possible should be included. However, if too many variables are included, overfitting the model is a risk. The list of potential predictors used includes all unchanged income information (imputation flag, recipiency, value), spouse/partner earnings, race (separate dummy for each), gender, age (including dummies for each age between 62 and 70), weeks worked last year, hours worked per week, as well as the hot deck categories for relationship to householder, education level, marital status, presence of children, occupation (22 categories), type of residence, Census region, recipiency of means-tested government transfers. A large set of interaction terms are included in the list of predictors, including for major income types (earnings, spouse earnings, etc.), education, weeks and hours worked, race and age, and means-tested transfers. In all, over 1,200 potential predictors and interaction terms can be included in the BR models. A list of the modelling variables is available in Supplemental data, Table 2 (URL: http://dx.doi.org/10.1515/JOS-2017-0010).
The parameters of two models are estimated: (1) R q ¼ FðX q b R þ v q Þ using logistic regression and (2) Y q ¼ X q b Y þ e q by OLS. However, with more than 1,000 possible covariates, all possible covariates cannot be included in X and some values in b must be set to 0 in each regression.
Stepwise model selection is used to determine which values in b in each regression to set to 0. It was chosen as a pragmatic tool to efficiently capture the correlations between covariates X q and dependent variables R q and Y q . However, there is uncertainty about which are the correct items in each b that should be set to zero which must be accounted for in order for the imputation to be proper. If the model variables were known with certainty (known nonzero items in b), after regressing Y on Xb parameter uncertainty could be accounted for using the variance-covariance matrix of b. However, in this case, both parameter and model uncertainty are present. In order to approximate both sources of uncertainty and have proper imputation variance estimates, for each income type, all regressions for each income type q are run on an approximate Bayes Bootstrap (ABB) sample.
In summary, the imputation steps to create the Income-Consistent file are:
1. Normal transformation -transform all income value variables to normal distribution with empirical normal transformation. 2. BR Imputation -sequentially impute interest, dividends, and retirement income from the redesign (donors/observed) to the traditional sample (recipients/missing). For each income type: a. Select a random sample by ABB. b. Predict probability of income recipiency using logistic regression on the redesign ABB sample with stepwise model selection to choose list of predictors. Only those individuals with non-imputed values of recipiency are included in the regression. c. Stratify the sample into K equal-sized groups based on probability of income recipiency in the original sample. d. Within each stratum k, predict expected income conditional on recipiency using OLS regression on the redesign ABB sample that is within the probability of recipiency bounds of that stratum. e. Stratify subsample k into J equal sized substrata based on the expected income of the original sample. f. Within each substratum j, select a random sample of m donors from the redesign sample (where m is the number of recipients with missing responses in stratum k, j ) using ABB. Each donor receives all income, source, and value variables from the recipient. These steps are done after processing and allocation of the survey data. This means that hot deck imputed values in the redesign file can be used as part of the imputation process. However, all modelling and prediction is done only on actual responses with allocated values excluded from the modelling step.
Since all of the interest, dividends, and retirement income are missing for all observations in the traditional sample, the order of imputation should not matter. Consider, for example, the case where interest is imputed first and dividends second. In that case, the imputation for interest should capture the relationship between interest and all other variables in X ,q . In the imputation for dividends, information on interest is included in X ,q , which should capture the relationship between dividends and interest as well as dividends and all other variables in X. For both missing income types, the imputation captures the conditional relationship between the other type and the variables in X. The same is true if dividends are imputed first and interest second. As a result, the variables are imputed by frequency of recipiency, from most common to least common: 1) interest, 2) dividends, and 3) retirement income. Note that this invariance to imputation order is only true if missingness for each imputed variable implies missingness for all others.
Diagnostic Results
One way of evaluating the imputation model is to construct an R 2 from the set of regressions on the ABB sample. For the logistic regressions, the Tjur-R 2 (Tjur 2009 ) is used, which is calculated by comparing the average predicted probability of recipiency for those who did and did not receive income of that type, or
The Tjur-R 2 is bounded between 0 and 1.
For the OLS regressions, the R 2 used is the squared correlation between the transformed income and the predicted income from the strata regressions, shown in Table 3 . The average Tjur-R 2 for interest, dividends, and retirement are 0.35, 0.30, and 0.39 respectively. The OLS R 2 values for interest, dividends, and retirement income are 0.12, 0.10, and 0.15 respectively. The relatively low R 2 are in part due to the fact that predictions are made on ABB samples, not the original one. The regression R 2 are much higher, but they reflect the match between the predictions and the bootstrapped sample, which will by definition be higher than for the original sample, which was not used for the prediction. After imputing interest, dividend, and retirement income responses for the traditional sample, the two samples are combined to create the Income-Consistent file, as all responses are now consistent with the redesigned income questionnaire. Estimates are calculated for the number of recipients and mean income in the traditional, redesign, each of the IncomeConsistent implicates as well as the multiple imputation estimates, shown in Table 4 . Standard errors in each file or implicate are calculated using replicate weights. Throughout the article, multiple imputation standard errors for the Income-Consistent file are calculated using the multiple imputation variance formula in Rubin and Schenker (1986) . There are no statistically significant differences when comparing recipiency or mean income between the redesign and Income-Consistent files for any of the three income sources.
Another statistic that can be used to evaluate the value of applying the imputation to create the Income-Consistent file is the estimated rate of missing information, denoted by g (Rubin 1987 ). Very high values of g (for example, 0.7) would imply that there is little additional benefit to using the traditional sample with imputed interest, dividend, and retirement income. As the relevance of the missing interest, dividend, and retirement income may differ for different statistics, for each parameter of interest, a separate g can be computed.
I estimated g for the recipiency and mean income statistics in Table 4 . Recall that approximately 30% of the Income-Consistent sample comes from the redesign sample and is the same across all ten implicates. The rate of missing information varies across the income types from 0.09 (interest recipiency) to 0.53 (mean retirement income).
I also calculated g for household median income and poverty of 0.15 and 0.08 respectively. Both of these are low values, which indicates that a considerable amount of information in estimating median income and poverty is contributed by the other variables in the traditional sample that were not imputed, as they were not affected by the redesign. For family and household income statistics, these low g values also validate the general approach of combining the samples to take full advantage of the information available in the questions unaffected by the redesign.
Income and Poverty Statistics
To further assess the Income-Consistent file, median income and poverty statistics are calculated. These statistics are in the annual Income and Poverty reports published by the The R 2 are calculated by taking the predicted recipiency and values conditional on recipiency from the prediction models used to define the donor/recipient cells and calculating the Tjur R 2 for recipiency and squared correlation for the value. The average, minimum, and maximum effective R 2 across the 10 implicates are reported with standard deviations in parentheses.
Census Bureau from the CPS ASEC (available at http://www.census.gov/topics/ income-poverty/income.html). Table 5 shows the median income statistics (Table 1 from the annual report) comparison between the Income-Consistent full sample and the traditional and redesign sample. Compared with the redesign sample, the only statistically significant differences are for median income of nonfamily households with a female householder (3.6% greater) and households headed by individuals without a disability (2.3% greater). At the 90% confidence interval, fewer than ten percent of the tested statistics are significantly different. For the comparison with the traditional sample, nearly all of the median income comparisons are statistically significant. Table 6 compares poverty estimates in each of the traditional and redesign sample to the Income-Consistent file. The headline poverty number for all individuals is not statistically significantly different between the Income-Consistent file and either sample. However, for the traditional sample, poverty is lower in the Income-Consistent file for blacks (1.0%), Rubin and Schenker (1986) . The 2014 CPS ASEC included redesigned questions for income and health insurance coverage. All of the approximately 98,000 addresses were eligible to receive the redesigned set of health insurance coverage questions. The redesigned income questions were implemented to a subsample of these 98,000 addresses using a probability split panel design. Approximately 68,000 addresses were eligible to receive a set of income questions similar to those used in the 2013 CPS ASEC and the remaining 30,000 addresses were eligible to receive the redesigned income questions. * if statistically significant difference at the 90% confidence level. Income in 2013 US dollars. Households and people as of March of the following year. For information on confidentiality protection, sampling error, nonsampling error, and definitions, see http://www2.census.gov/programs-surveys/cps/techdocs/ cpsmar14.pdf. Standard errors calculated using replicate weights for the traditional and redesigned samples, and using replicate weights for each Income-Consistent implicate and the multiple imputation variance formula from Rubin and Schenker (1986) to combine estimates across implicates for the Income-Consistent estimates.
Rothbaum: Bridging a Redesign using Multiple Imputation Table 6 . Comparison of traditional, redesign, and income-consistent files: poverty by selected characteristics. The 2014 CPS ASEC included redesigned questions for income and health insurance coverage. All of the approximately 98,000 addresses were eligible to receive the redesigned set of health insurance coverage questions. The redesigned income questions were implemented to a subsample of these 98,000 addresses using a probability split panel design. Approximately 68,000 addresses were eligible to receive a set of income questions similar to those used in the 2013 CPS ASEC and the remaining 30,000 addresses were eligible to receive the redesigned income questions. * if statistically significant difference at the 90% confidence level. Income in 2013 US dollars. Households and people as of March of the following year. For information on confidentiality protection, sampling error, nonsampling error, and definitions, see ftp://ftp2.census.gov/programs-surveys/cps/techdocs/cpsmar13.pdf. Standard errors calculated using replicate weights for the traditional and redesigned samples, and using replicate weights for each Income-Consistent implicate and the multiple imputation variance formula from Rubin and Schenker (1986) to combine estimates across implicates for the Income-Consistent estimates.
naturalized citizens (2 0.9%), residents of principal cities (0.5%), and workers (0.2%), and is higher for children (0.6%). For the redesign sample, unlike median income, there are significant differences: lower in poverty in the Income-Consistent file for children (1.1%) and those aged 65 and older (0.7%).
To summarize the results, the Income-Consistent file household median income estimates are more like the redesign file, but the poverty estimates lie between the two files. While the point estimate for poverty of 14.5% is not statistically significantly different from the point estimate for either file, it is much closer to the 14.5% estimate from the traditional file than the 14.8% estimate of the redesign file.
Conclusion
In this article, multiple imputation is applied to the problem of a split sample receiving different survey instruments in a bridge year. One possible way to use data from all survey respondents is shown, even though distinct sets of respondents answered different questions. This idea has an important potential benefit -by making use of all of the data during a bridge year, it potentially lowers the cost in terms of decreased statistical power of survey redesigns and bridges.
To address this problem of missing information during a survey bridge year, a semiparametric multiple imputation technique proposed by Bondarenko and Raghunathan is applied to the CPS ASEC 2014 redesign. The technique performs reasonably well and analysis of basic summary statistics shows how this technique affects important economic statistics that are widely reported on from the CPS ASEC.
For the 2014 CPS ASEC, this technique increases the potential sample that can be used to make comparisons to data from subsequent years, which uses the redesigned questionnaire for the entire sample. The larger sample facilitates analyses on subgroups, such as by state, where the redesign sample may lack the statistical power needed for comparisons. By combining the two samples, this technique may also address concerns about differences in sample composition raised in previous research by Mitchell and Renwick (2015) .
